This paper investigates the relation between downside risk and expected returns on the aggregate stock market in an international context. Nonparametric and parametric Value at Risk (VaR) are used as measures of downside risk to determine the existence and significance of a risk-return tradeoff. Using market return data from 27 emerging countries, fixed-effects panel data regressions provide evidence for a significantly positive relationship between monthly expected market returns and downside risk. This result is robust after controlling for aggregate dividend yield, price-to-earnings ratio and price-to-cash flow ratio. The relationship between expected returns and downside risk is much weaker for developed markets. Indeed, it vanishes when control variables are included in the downside risk-return specification. These results continue to hold when we use a different emerging market classification system, an alternative regression methodology and exclude extreme returns.
INTRODUCTION
The relationship between risk and return in the aggregate stock market has been one of the central topics in financial economics. Merton (1973) suggests that the conditional expected excess return on the aggregate market should be a linear function of the aggregate market's conditional volatility plus a hedging component which proxies for the investor's desire to hedge for future investment opportunities. Moreover, the relationship between the conditional excess return and the conditional volatility should be positive if investors are risk-averse. There have been numerous subsequent empirical studies that investigate this tradeoff between risk and return. The results from these studies that use different specifications and estimation methods have been inconclusive. Although studies such as Scruggs (1998) , Ghysels, Santa-Clara and Valkanov (2005) , Guo and Whitelaw (2006) , Lundblad (2007) and Bali and Engle (2010) do find evidence for a risk-return tradeoff, other studies have found an insignificant (e.g., French, Schwert and Stambaugh, 1987; Baillie and DeGenarro, 1990) and even a significantly negative (e.g., Nelson, 1991; Glosten, Jagannathan and Runkle, 1993; Lettau and Ludvigson, 2002) relationship between the conditional mean and volatility of market returns. This paper investigates the relationship between downside risk and expected returns.
Value at Risk (VaR), the expected loss on the market portfolio at a given level of probability, is used to measure downside risk to determine the existence and significance of a risk-return tradeoff. Bali, Demirtas and Levy (2009) find a positive, significant and robust link between downside risk and returns on various U.S. market portfolios. This paper extends their analysis to an international cross-sectional context. We find evidence for a significantly positive link between one-month ahead expected returns and both nonparametric and parametric VaR for emerging markets. This positive link is robust to the inclusion of the aggregate dividend yield, price-to-earnings ratio and price-to-cash flow ratio in the panel regression setting as a proxy for the hedging demand. Although there is mild evidence for a risk-return tradeoff for developed markets, this finding is not robust to the inclusion of control variables in the regression specifications.
There is a myriad of reasons why we consider downside risk in determining the existence of a positive risk-return tradeoff. First, Roy (1952) introduces the idea of safety-first investors who seek to minimize their losses in case of a disaster and considers the implications of minimizing the upper bound of the probability of a dread event when the information available about the joint probability distribution of future states of nature is confined to the first-and second-order moments. Levy and Sarnat (1972) and Arzac and Bawa (1977) relate the safety-first principle to the expected utility framework. Investors who aim to maximize their expected return subject to a maximum loss constraint will reflect downside risk, as measured by VaR, to their asset valuations.
Second, the assumptions of the mean-variance analysis developed by Markowitz (1952) have been debated extensively. Mean-variance optimization can be justified under either of two assumptions. First, investors who have quadratic preferences will not be concerned about extreme losses. Alternatively, the mean and variance will completely describe the return distribution if the asset returns are jointly normally distributed.
However, the empirical regularity that stock returns are typically skewed and leptokurtic has been widely documented. In other words, in reality, extreme events occur more frequently than predicted by the normal distribution. Arditti (1967) , Rubinstein (1973) and Kraus and Litzenberger (1976) set up theoretical models that incorporate the effect of unconditional co-skewness in asset pricing. Harvey and Siddique (2000) introduce a similar model that focuses on the conditional co-skewness. More recently, Brunnermeir, and Parker (2005) and Barberis and Huang (2008) have proposed behavioral explanations regarding the impact of idiosyncratic skewness on asset prices. The common implication of these studies is that investors prefer positively or right-skewed investments to negatively or left-skewed investments. Therefore, assets that decrease a portfolio's skewness are less desirable and should require higher expected returns. For kurtosis, Dittmar (2002) draws on the theoretical works of Pratt and Zeckhauser (1987) and Kimball (1993) and suggests that investors have a preference for less leptokurtic investments, i.e. assets that increase a portfolio's kurtosis are less desirable and should require higher expected returns. As far as downside risk is concerned, asset distributions with more left-skewness and thicker tails have larger VaRs. Thus, we expect a significantly positive relation between VaR and expected market returns.
Finally, many financial and non-financial institutions need to quantify the amount of loss they may incur in a given period of time. Instead of doing financial projections on a best estimate basis, regulatory bodies require commercial banks to do stress testing where the robustness of their financial statements under various crash scenarios is judged. Capital adequacy is determined based on the magnitude of the potential losses if such crashes materialize. Pension funds are legally required to structure their investment portfolios such that the risk of insufficient funding is kept under a certain threshold. Credit rating agencies also monitor likely losses on company assets and incorporate this information to the ratings they issue. Due to all these factors, players in the financial markets are expected to take downside risk, as measured by VaR, into account in their investment decisions implying potential asset pricing consequences.
In our empirical analysis, for the emerging market group, univariate regressions show that there is a significantly positive relationship between nonparametric VaR and expected market returns when VaR is measured using the minimum daily returns from past return windows ranging from five months to 12 months. We also find that when control variables such as the aggregate dividend yield, price-to-earnings ratio and priceto-cash flow ratio are added to the specifications, all of the nonparametric VaR measures attain significantly positive coefficients. For the developed country group, we find a significantly positive downside risk-return tradeoff when nonparametric VaR is measured using daily return data from the most recent month. However, this finding is not robust to the inclusion of control variables in the fixed-effects panel data regressions. The parametric VaR measures that are based on the lower tail of Hansen's skewed tdistribution yield similar results.
The paper is organized as follows. Section 2 discusses the methodology for investigating the downside risk-return tradeoff and presents the data and summary statistics. Section 3 discusses the empirical results from the panel data regressions for emerging and developed markets separately. Section 4 concludes.
METHODOLOGY AND DATA

Measuring Value at Risk
Nonparametric Value at Risk
In order to uncover the relationship between downside risk and stock market, we first use a nonparametric measure of VaR which measures how much the value of a portfolio could decline in a fairly extreme outcome if one were to rank order possible outcomes from best to worst. In other words, VaR attempts to answer the question of how much an investor can expect to lose on a portfolio in a given time period at a given level of probability. For example, if a portfolio of equities has a one-month 5% VaR of $1 million, this means that there is a 5% probability that the portfolio value will decline more than $1 million over a one-month period. In our analysis, we use the minimum market returns observed during given past windows of daily data as of the end of each month and estimate alternative VaR measures from the lower tail of the empirical return distribution. We should note that the original VaR measures are multiplied by -1 before they are included in the regressions so that higher magnitudes of the measures correspond to greater downside risk. Therefore, we expect a positive and statistically significant relation between nonparametric VaR and the excess returns on the aggregate market portfolio.
Motivated by the lack of a significant relationship between risk and return in the earlier literature, Harrison and Zhang (1999) focus on various holding intervals longer than the sampling interval of data to see whether a significant relation between risk and return exists. Their rationale is that it is less likely for factors such as portfolio rebalancing, transaction costs and unexpected consumption needs to play an important role compared to the actual risk factor in longer horizons. In light of this idea, Ghysels, Santa-Clara and Valkanov (2005) use a larger windows that range from one to 6 months when they construct realized volatility measures by summing past squared returns to measure conditional variance. Their mixed data sampling approach uncovers a significantly positive risk-return relationship for the aggregate U.S. market index at certain horizons. Bali et al. (2009) apply this idea to their downside risk measures and find that the coefficients of these measures are greater in magnitude and statistical significance for sampling windows larger than one month. Our downside risk measure, Var k , is calculated as the minimum daily return over varying past window lengths from 1 to 12 months. We assume that each month consists of 21 trading days. Var 1 is defined as the minimum daily return observed during the past 21 days; hence, it corresponds to 4.76% value at risk.
Var 12 is defined as the minimum daily return observed during the past 252 days; hence, it can be interpreted as 0.40% value at risk.
Parametric Value at Risk
To account for skewness and excess kurtosis in the data, Hansen (1994) introduces a generalization of the Student t-distribution where asymmetries may occur, while maintaining the assumption of a zero mean and unit variance. This skewed t (ST) density is given by: 
Hansen (1994) shows that this density is defined for 2 < v < ∞ and -1< λ < 1. This density has a single mode at -a/b, which is of opposite sign with the parameter λ. Thus, if λ > 0, the mode of the density is to the left of zero and the variable is skewed to the right, and vice versa when λ < 0. Furthermore, if λ = 0, Hansen's distribution reduces to the traditional standardized t distribution. If λ = 0 and v = ∞, it reduces to a normal density.
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A parametric approach to calculating VaR is based on the lower tail of the ST distribution. Specifically, we estimate the parameters of the ST density (µ, σ, υ, λ) using the past 1 to 12 months of daily data and then find the corresponding percentile of the 3 The parameters of the ST density are estimated by maximizing the log-likelihood function of R t with respect to the parameters µ, σ, υ and λ: 
where
is the VaR threshold based on the ST density with a loss probability of Φ .
Equation (3) indicates that VaR can be calculated by integrating the area under the probability density function of the ST distribution.
Estimation Methodology
We investigate the cross-sectional relationship between downside risk and stock market returns using the following fixed-effects panel data regressions:
where t i R , is the excess return on country i's market portfolio at month t and
Var is the VaR of the market portfolio in country i conditioned on the daily return data over the past k months set up to time t-1. We investigate whether the slope coefficient β in equation (1) is positive and statistically significant.
The fixed-effects panel regression in equation (4) We use the total market index item named TOTMK as the national market index for each country. TOTMK series is a value-weighted index where weightings are allocated on the basis of market capitalization. We use the Return Index (RI) associated with TOTMK to construct the daily return series since it reflects the index values with dividends and distributions. We also use the price data in terms of local currencies to construct the returns because we do not want currency risk to contaminate the analysis. The monthly index returns are calculated by compounding daily returns. Later in the analysis, we use the aggregate dividend yield (DY), price-to-earnings ratio (PE) and price-to-cash flow ratio (PC) as control variables in the fixed-effects panel data regressions. The data for all these variables also come from DataStream. percent, respectively. The median monthly return is 1.48 percent. Given the proximity of the mean and median monthly returns, the lack of a substantial asymmetry in the return distribution is not surprising. The skewness statistic of 0.90 indicates that the emerging market monthly returns were right-skewed, but only mildly. Also, given the extreme losses and gains that some markets experienced over the sample period, the kurtosis statistic turns out to be high with a value of 9.83. The first row of Panel B presents similar statistics for the pooled sample of monthly developed market returns. The standard deviation of 6.12 percent is about six times the mean return of 1.00 percent also indicating significant dispersion in monthly developed market returns. However, the mean return and its standard deviation for developed markets are smaller than those for emerging markets reflecting the fact that emerging markets are affected by more risk factors. The minimum and maximum monthly returns of -40.24 percent and 72.19 percent point out that extreme stock market swings are also encountered in developed markets; however, their magnitudes are smaller than those in emerging markets. The median return is 1.16 percent which is only slightly higher than the mean. The lack of distributional asymmetry is also evident from the small skewness statistic of 0.44.
Summary Statistics
Finally, the kurtosis statistic for developed market returns is 10.74.
The second row of both panels present summary statistics for 
EMPIRICAL RESULTS
Cross-Sectional Relation between Nonparametric Value at Risk and Return
The results for the fixed-effects regressions in equation (4) 
Controlling For Dividend Yield, Price-to Earnings and Price-to-Cash Flow
One of the most prominent market multiples that has been identified in the literature as a determinant of expected equity returns is the dividend yield (Fama and French, 1988; Hodrick, 1992) . Campbell and Shiller (1988) develop a log-linear approximation of equity returns which provides a framework to examine the relationship between dividend yields and expected returns. Besides the dividend yield, some recent papers such as Bollerslev, Zhou and Tauchen (2009) find that price-to-earnings ratio, the reciprocal of the earnings yield, has a significantly negative relation with expected market returns.
Therefore, we control for the dividend yield and the price-to-earnings ratio when we investigate the relationship between downside risk and expected international market returns. We also include the price-to-cash flow variable as an additional control in our specifications. The number of total observations drops somewhat in this analysis because the data for the control variables start at a later date than that for the index returns.
The results for the emerging country group are presented in Panel A of Table 3 Table 2 is not robust to the inclusion of additional controls. 
Cross-Sectional Relation between Parametric Value at Risk and Return
Next, we repeat the analysis in Tables 2 and 3 by using parametric VaR rather than nonparametric VaR to measure downside risk. Table 3 , price-to-cash flow ratio loads negatively and significantly in all specifications.
Fama-Macbeth Regressions
In our earlier analysis, we use fixed-effects regressions in which we estimate a separate intercept coefficient for each time period. These regressions correspond to stacked crosssectional regressions since the error terms are orthogonal to the explanatory variables in each month. results. Our conclusion is that the significant relation between VaR and expected market returns holds for the emerging market group but does not extend to developed markets.
Alternative Set of Emerging Markets
In our main analysis, we refer to the emerging market classifications of Financial Times Africa, Thailand and Turkey. In Table 7 , the nonparametric VaR analysis is repeated for only these 17 countries. In the univariate regressions of Panel A, we find that nonparametric VaR has a significantly positive coefficient at the 5% level when it is measured using the minimum daily returns from past return windows ranging from 5 to 12 months. The highest significance is attained at for VaR 8 with a t-statistic of 2.72. Panel B shows that these results also hold for the multivariate setting where dividend yield, price-to-earnings ratio and price-to-cash flow ratio are included as additional explanatory variables. We find that the coefficients of dividend yield and price-to-cash flow ratio continue to be statistically significant whereas the negative relation between price-toearnings ratio and expected market returns vanishes. More importantly, there is still a significantly positive relation between VaR and expected market returns at the 5% level in all measurement windows beginning from the 5-month horizon and the highest statistical significance is attained at the 8-month horizon with a t-statistic of 2.62. These results show that the significant downside risk-return tradeoff uncovered in Tables 2 and   3 continue to hold for a more restricted set of emerging markets.
Excluding Extreme Returns in 1997
Our sample period includes the Asian financial crisis in 1997 which has hit many Asian markets badly and caused worldwide fears of economic instability amidst the possibility of financial contagion. It is possible that our results are affected by the extreme negative returns that occurred during this period as our emerging sample group includes markets such as Thailand, Indonesia, South Korea, Philippines and Malaysia; and our VaR measures are extracted from the left tail of the return distribution. has a positive and significant relation with expected market returns at the 5% level.
Although the significance is reduced initially as the VaR measurement window extends, the significantly positive relation once again reappears for VaR 5 and continues to hold until the 12-month measurement window. The highest significance is attained at the 8-month window with a t-statistic of 2.60. Second, we delete all the monthly observations during 1997 to see whether our results are robust to excluding this tumultuous period for the world economy. Panel B of Table 8 shows that the significant relation between nonparametric VaR and expected market returns is somewhat reduced, however there is still a significantly positive relation at the 5% level starting from the 7-month measurement window. The coefficient on VaR 8 is 0.1153 with a t-statistic of 2.52. These results collectively suggest that the significant tradeoff between downside risk and expected market returns is robust to excluding the extreme returns encountered during the 1997 Asian financial crisis.
CONCLUSION
We investigate the cross-sectional relation between downside risk and expected returns for emerging and developed markets. Recent developments in the world financial markets once more proved the importance of downside risk in portfolio allocation. Although there are many studies which examine the relation between traditional risk measures as well as downside risk measures and expected returns in US, there is lack of evidence regarding the link between downside risk and expected returns in emerging markets.
In this paper, we utilize fixed-effects panel data regressions and investigate the crosssectional relation between expected market returns and downside risk. This investigation is repeated for emerging and developed markets separately. We measure downside risk by nonparametric and parametric value at risk. The results show that there is a statistically significant relation between VaR and expected returns in emerging markets.
This relation is stronger when VaR is computed using a larger set of data. In developed markets, the relation between expected returns and VaR is much weaker. Indeed, any significance that is found at short intervals is washed away by the inclusion of control variables. On the other hand, in emerging markets, the significant relation between downside risk and expected returns remains robust when control variables are added to the estimations. These results continue to hold when we use a different emerging market classification system, an alternative regression methodology and exclude extreme returns.
We conclude that higher return moments are important determinants of expected returns in emerging markets such that emerging market countries with higher expected downside risk have higher risk premia. 
